Segmentation of medical images is an important component for diagnosis and treatment of diseases using medical imaging technologies. However, automated accurate medical image segmentation is still a challenge due to the difficulties in finding a robust feature descriptor to describe the object boundaries in medical images. In this paper, a new normal vector feature profile (NVFP) is proposed to describe the local image information of a contour point by concatenating a series of local region descriptors along the normal direction at that point. To avoid trapping by false boundaries caused by nonboundary image features, a modified scale invariant feature transform (SIFT) descriptor is developed. The number and locations of sample points for building NVFP are determined for each contour point, which are constrained by the neighboring anatomical structures and the statistical consistency of the training features. NVFP is incorporated into a model based method for image segmentation. The performance of our proposed method was demonstrated by segmenting prostate MR images. The segmentation results indicated that our method can achieve better performance compared with other existing methods.
Introduction
Segmentation of medical images plays an important role in diagnosis and therapy of diseases. It can provide quantitative pathological information about diseases and help physicians to make decisions. Due to the inefficiency and the inter-and intra-expert variability residing in manual segmentation, accurate and robust automatic segmentation is highly desired. However, fully automatic segmentation of a structure of interest, is still a very challenging task because of the shape and appearance variations of the target structure in different images.
Deformable models have been proven to be a promising approach to segment anatomic structures in medical images [1, 2, 3] . In deformable model based methods, the definition of boundary feature is critical for the segmentation performance. The statistics of the local greylevel appearance in active shape model (ASM) [4] , which is a one-dimensional normalized c ⃝ 2011. The copyright of this document resides with its authors. It may be distributed unchanged freely in print or electronic forms. first order derivative profile, is widely used. Nevertheless, gradient-based feature is not adequate to characterize the weak and ambiguous boundaries in medical images due to low signal-to-noise ratio, poor image contrast, and the boundary complexity. A number of image appearance models have been proposed to drive the contour towards the boundary of the target. Toth et al. [5] employed a multi-feature appearance model incorporating the mean, standard deviation, range, skewness, and kurtosis of intensity values in the vicinity of each contour point to drive the edge detection. Feng et al. [6] presented an image appearance model consisting of gradient feature and probability distribution function feature. During the optimization process, one of the two features is selected for each vertex to guide contour deformation. The selection depends on the consistency of the gradient features over the training images. Chen et al. [7] proposed to learn a distribution of the intensity histograms in the local neighborhoods of the delineation contours from the training data. The multifeature [5] , the probability distribution function feature [6] , and the distribution feature [7] are all region-base features, which are more robust to noise but less accurate than gradientbased features. Therefore, it is desirable to find a robust feature descriptor to describe the object boundaries in medical images. Recently, Shi et al. [8] used the combined SIFT [9] features of the points selected evenly from both sides of the deformable contour to segment the lung fields from X-ray images. Their algorithm performs well in segmenting targets with relatively simple structures. However, the performance degrades when the image texture becomes complex. One of the reasons is that the main orientations of the SIFT features are prone to be affected by the strong edges in the neighboring regions of the true boundaries as shown in Fig. 1(a) . The misalignment of the main orientations across different training images may degrade the learning ability of the feature training method. Another reason is that some segments of the boundaries are very weak (see Fig. 1(b) ). The weakness makes it difficult to compute the exact main orientations in SIFT features.
In addition, the surrounding anatomic structures of different contour parts can vary significantly. If the same feature setting is employed for each contour point, this inhomogeneity will reduce the descriptive ability of the extracted features when being trained together. In ASM based image segmentation, the boundary point is located by searching along the normal direction to find a point, whose feature is most similar to the training features of corresponding contour points. If the huge variation is not eliminated from the training features, it will be hard to distinguish the desired point from other candidate points. Therefore, eliminating the feature variation according to the anatomical structures surrounding each contour point is a very meaningful task.
In this paper, a new method of defining distinctive image features is proposed for medical image segmentation. Instead of using the general gradient-based and region-based features, we propose to employ a new SIFT based feature to describe the local image appearance of the points along the normal vectors, due to its distinctiveness on appearance description. However, strong edges surrounding the true boundaries and the existence of weak boundaries affect the main orientations when the image texture becomes complex. The misalignment of the main orientations across different training images may degrade the learning ability of the feature training method. To overcome this problem, we propose to modify the main orientations of the SIFT features and combine them to form distinctive image features for medical image segmentation. The obtained feature descriptor is coined as normal vector feature profile (NVFP). In addition, the surrounding anatomic structures of different contour parts can vary significantly. To eliminate the feature variation, proper number and locations of sample points for building NVFP should be determined for each contour point. The determination for each contour point is based on the anatomical constraints and statistical consistency of the training features. After NVFP is trained, it is incorporated into active shape model to improve the accuracy and robustness of segmentation.
The rest of this paper is organized as follows. A detailed description about NVFP is given in Section 2. The image segmentation model using NVFP is explained in Section 3. Experimental results are shown to demonstrate the performance of the proposed method on prostate MR images in Section 4. The conclusion is presented in Section 5.
Extracting Descriptive Image Features
In this section, we describe how the new feature of NVFP is computed. As we mentioned earlier, the modified SIFT feature is used in NVFP to obtain the saliency of the image information. Thus, in this section, we start with the modified SIFT feature.
The Modified SIFT Feature
In medical image segmentation, strong edges surrounding the true boundaries and the existence of weak boundaries affect the main orientations. Consequently, the modified SIFT feature is used to solve the two problems.
First, a difference-of-Gaussian pyramid D is computed to get the gradient magnitude and orientation for each point of the image. D(x, y, σ ) is computed by
where
is the scale space of an image, which is produced by the convolution of G(x, y, σ ) with I(x, y). Second, the key point of SIFT is located. In our work, we aim to segment the anatomical structures in medical images. Thus, the contour points of the structures of interest are selected to be the key points.
Third, the main orientation of SIFT is modified. In the original SIFT, the main orientation is the peak of the orientation histogram, which is obtained from the gradient orientations in the neighborhood of the key point. However, it is prone to be disturbed by the strong edges in neighboring region of the true boundaries. In order to avoid ambiguities and improve the coherence in different images, we propose to use the normal directions of the contour at the key points for the main orientations, which achieves invariance to image rotation. Lastly, the key point descriptor as in the original SIFT is extracted.
Normal Vector Feature Profile
In deformable models, the point distribution model (PDM) is employed to represent the contour. For each contour point, its distinctiveness is represented by NVFP, which is built by the modified SIFT feature. Let x i be the coordinates of the ith contour point and n i is the corresponding normal direction. The next three steps illustrate how NVFP is obtained. 1) For a contour point x i , sample k points using a fixed spacing δ evenly from both sides along the normal direction. The location of jth pixel is
The values of k and δ will be discussed in the experiments.
2) Let f j denote the modified SIFT feature of
, which forms a feature vector. Since the SIFT feature consists of 128 elements, the length of a NVFP feature vector is 128 × k.
3) Eliminate dissimilar features of the inhomogeous surroundings from NVFP. According to the constraints of the surrounding anatomic structures, we design two patterns of NVFPs. In each pattern, there are several cases for x i . In Fig. 2 , each ellipse stands for one case in our new profile. The points within the ellipse represent the locations of the sample points and the number marked on the ellipse represents the number of the sample points. First, appearances of some points have low similarity both inside and outside the object in different images. For this pattern, points of equal number are sampled for the interior and exterior when NVFP is trained. In most cases, the appearance of the pixels inside the object is similar. However, the pixels outside of the object boundary can have quite different appearances. Therefore, the second pattern is to eliminate the inconsistent features caused by the different exterior structures. In general, there is no priori structure constraint to acquire the pattern for each contour point as well as the number and locations of the sample points. Therefore, both of the two patterns are taken into account for each contour point. Each NVFP is specified by the number and locations of sample points, which is described in detail in Fig. 2 . Then, we compute the consistency for each NVFP:
where L ≤ k and σ (l) is the standard deviation of the feature of lth sample point in the profile. Obviously, C i measures the similarity of the features of the corresponding contour point in different images. In consequence, the consistency C i is considered as the criterion to choose the number and locations of sample points when NVFP is built for each contour point. As illustrated in Fig. 3 , the number and locations of sample points for each contour point can be different due to the differences of their surrounding structures. Taking the prostate region at the bottom right as an example, features of the points outside of prostate boundary are not included in the training features, since the appearances of these points are strongly influenced by the varying edges close to the true boundary.
The results of detecting the corresponding points of the prostate boundary from MR images are shown in Fig. 4 . In this detection process, we perform a Simulated Search [10] . Fig.  4(a) shows the prostate boundary denoted by the red crosses. The corresponding boundary of another prostate image (Fig. 4(b) and Fig. 4(c) ) is detected by the similarity of the features between the candidate contour points (Fig. 4(b) and Fig. 4(c) ) and the true contour points in Fig. 4(a) . The detection results are represented by yellow dots and the contour points of manual segmentation are represented by the red crosses in Fig. 4(b) and Fig. 4(c) . It can be seen that NVFP using the modified SIFT features in Fig. 4(b) is more distinctive than NVFP using the original SIFT features shown in Fig. 4(c) . In the detection, we aim to validate the distinctiveness of the modified SIFT feature, so the number and locations of sample points for NVFP are the same for all contour points for convenience.
Two prostate segmentation results from the same image are given in Fig. 5 . Proper number and locations of sample points for building NVFP for each contour point are used in Fig. 5(a) and the same are used in Fig. 5(b) . It can be seen that our method can solve the inhomogeous problem caused by dissimilar features of gas and bony structures in prostate image. 
Image Segmentation Model
In this section, a new energy function is defined.
where E shape represents the energy of constrained shape from training images. E NV FP denotes the variation of NVFP appearance. The point distribution model is constructed to represent the shape x as follows.
where x i is a 1-D vector that represents the coordinates of the ith contour point and M is the number of contour points. E shape is determined by the shape model which derives from the The training of local appearance model is described in Section 2. A proper way to minimize E NV FP can improve the accuracy of segmentation. The Mahalanobis distance assumes a normal distribution of training NVFPs. However, this assumption is not always hold. In addition, the dimensionality of NVFP may be larger than the number of the training data. In this case, Mahalanobis distance is an approximated measure. Therefore, Euclidean distance is employed in our work. Minimizing E NV FP based on the Euclidean distance can obtain the contour point. The target point is located according to the objective function
where g(x j i ) presents the NVFP of the jth point along the normal direction for x i , g s (x i ) is the matching feature and T denotes the maximum displacement. The target point is to guide the contour deformation.
The proposed segmentation method proceeds as shown in Fig. 6 . 1) Train the shape model and local appearance model. 2) Initialize the shape in test image with mean shape.
3) For 2T +1 candidate points along the normal profile, compute g s (x i ) for jth point and match it with the training NVFPs to obtain the displacement, then move the contour point to x target i . 4) Update the current contour and compare it with previous contour. It converges when the current contour is close enough to the previous contour. If it doesn't converges, go to 3).
Experiments
In our experiments, 40 MR images of the prostate were used to validate the performance of the proposed method. The images have the size of 512 × 512 with the resolution of 0.3mm × 0.3mm. The manual segmentation done by experts was considered as the ground truth. Mean absolute distance (MAD) [5] is the quantitative performance measure to evaluate the proposed method, which is the average distance between the automatic segmentation and the ground truth.
where X a denotes the automatic segmentation and X g denotes the manual segmentation. There are two sets of experiments in this paper. The former is to select the parameters used in our method. The latter is to compare the proposed method with the classic ASM [4] .
The parameters in this paper are as follows. Among these parameters, M and T are set manually, while k and δ are tested in different values and set according to the experimental results. The performance of the proposed feature NVFP varies due to different values of k and δ . 
Selecting The Parameters
The two parameters of k and δ determine the performance of the proposed feature of NVFP, so they were selected through the segmentation results. In this set of the experiments, points of equal number were sampled on each side of the contour along the normal direction. By comparing the performance of using different numbers of feature points, we aim to obtain the range of the numbers for feature extraction and the proper spacing between the adjacent points along the normal direction. Within the range, least redundant feature information is included in the appearance profile. From the quantitative segmentation results shown in Table 2 and some qualitative results shown in Fig. 7 , we can conclude that the NVFP is most distinctive when k and δ are set to 9 and 1, respectively. However, the value of k used in the following experiments is 7 through the trade-off between the computation time and the accuracy. 
Cross-validation of The Proposed Method
Because of the limited number of training samples, the method of leave-one-out was employed for the validation of the proposed method. Some qualitative results of the segmentation are given in Fig. 8 and Fig. 9 and quantitative results in Table 3 . The average MAD is 1.30mm in ASM with NVFP and 1.74mm in classic ASM. The profile using proper number and locations of sample points makes it easier to distinguish the points located along the normal direction. Also, the qualitative segmentation results show that ASM with NVFP is more likely to latch on the weak and ambiguous boundaries and more robust to strong edge in the neighboring region of the true boundary. It can be seen that feature of NVFP improves the segmentation performance greatly. 
Conclusion
In this paper, a modified SIFT feature is used to form the normal vector feature profile, which is to capture the distinctiveness of a point. Then, a proper number and locations of the sample points for NVFP is determined for each contour point. For the high dimensionality of the new feature and small samples, Euclidean distance is used in our work. The contributions are proven to be effective in segmenting prostate in MR images. In our future work, the proposed method will be extended to 3D models in medical image segmentation.
